of crop residues and various organic fertilizer amendments, such as composts and farmyard manure, is feasible options for substituting mineral nitrogen fertilizers (Spiegel et al. 2010) . Currently, conservation agriculture is becoming more wide-spread among the global farming community. Already approximately 125 million hectares of land are managed by the principles of conservation agriculture (Friedrich et al., 2012; Brouder and Gomez-Macpherson, 2014) . The definition of conservation agriculture includes minimum, noninversion or reduced tillage, combined with retention of crop residues on the soil surface and crop rotation. The aim is to conserve soil and water for optimum productivity (Hobbs et al. 2008; Kertész and Madarász 2014) .
The International Long-Term Ecological Research (ILTER) represents a network that enables valuable comparisons of data for understanding environmental change. Nonetheless, cropland sites are still underrepresented in the network, and more sites would be needed for global comparisons. In Austria, only four agricultural ILTER sites are included in the network of 38 sites in total (Mirtl et al. 2015) . This study focuses on three of the cropland sites (tillage and crop residue incorporation), as well as one long-term field experiment (compost amendments) outside of the ILTER network.
The previous investigations of the selected LTER sites have focused on how the different improved management practices, i.e., tillage (Franko and Spiegel 2016; Tatzber et al. 2008; Spiegel et al. 2007 ), crop residue incorporation , cropping systems (Tatzber et al. , 2012 (Tatzber et al. , 2015a Tatzber 2009 ), and organic/compost amendments (Lehtinen et al. 2017; Hijbeek et al. 2017; Körschens et al. 2013) , affected the soil properties as well as soil productivity. However, no analyses of the experimental data have been carried out in order to determine patterns in the productivity data.
There are many positive examples of using data mining techniques for building predictive models in the field of agricultural and environmental sciences (Bondi et al. 2018; Bui et al. 2009; Debeljak et al. 2007 Debeljak et al. , 2008 Goldstein et al. 2017; Kuzmanovski et al. 2015; Shekoofa et al. 2014; Trajanov 2011) . Their biggest advantage is that they are applied on easily obtainable empirical data, and the parametrization of the data mining models is done automatically from the data; hence it is not influenced by the subjectivity of the modelers. By applying data mining methods, data sets from long-term field experiments can be turned into an understandable structure, and interpretable patterns (i.e., long-term trends and their drivers) in the data can be identified.
Data mining, as a part of the Knowledge Discovery in Databases (KDD) process, uses machine learning and statistical methods in order to find interesting patterns in data (Fayyad et al. 1996) . The goal of data mining is to extract information from datasets that is intelligible and useful in an understandable and easily interpretable format. Different data mining algorithms are used to address different data mining tasks and discover different patterns in the data (e.g., decision trees, clusters, equations, rules). These algorithms search through the space of patterns (models) to find interesting patterns that are valid in the given data.
This study was designed to predict primary productivity and to identify the driving factors that govern primary productivity by means of data mining. To this end, we addressed the following questions within the framework of the selected field experiments:
(1) Can data mining help make reliable predictive models of primary productivity from LTE (long-term field experiments) data? (1) What are the driving factors of primary productivity in the selected arable LTEs that are sufficiently fertilized with main nutrients? (2) Do the selected management practices influence primary productivity?
Materials and methods

International Long-Term Ecological Research (ILTER) experimental sites
This paper investigated data from four Austrian long-term field experiments (LTEs, Fig. 1 ).
Tillage
The long-term field experiment investigating different tillage management (tillage LTE) was established in Fuchsenbigl (Table 1) . In brief, the experiment included three different tillage systems (minimum, reduced, and conventional tillage) (Spiegel et al. 2002 (Spiegel et al. , 2007 Tatzber et al. 2008) . The experiment consisted of a randomized block design, the plots measuring 60 m × 12 m each. The crop rotation was not fixed and consisted of the most important crops for the region such as cereals, sugar beet, maize, and grain legumes.
Crop residue incorporation
Two long-term field experiments were established to investigate the management of crop residues, crop residue LTE in Rutzendorf, and crop residue LTE in Grabenegg. Both sites have recently been described by Spiegel et al. (2018) . The field experiments consisted of a randomized block design with four replicates, each plot measuring 32 m × 6 m (192 m 2 ) in Rutzendorf and 30 m × 7.5 m (225 m 2 ) in Grabenegg. There were four P-fertilization stages (0, 33, 66, 131 kg P ha-1y-1), and all crop residues were either incorporated or removed in the treatments. The crop rotation was not fixed and consisted of the most important crops for both regions, such as cereals, sugar beet, grain maize, and grain legumes.
Compost amendments
The long-term compost LTE was designed in Ritzlhof near Linz, Upper Austria, to study the effects of different compost amendments on chemical, physical, and microbial soil parameters and plants. The compost LTE and its soils have previously been described in Lehtinen et al. (2017) and references therein. The field experiment consists of a randomized block design with four replicates, the plots measuring 5 m × 6 m (= 30 m 2 ). The field trial includes a control plot (zero N), minerally fertilized plots (40 kg N, 80 kg N, 120 kg N ha −1 y −1 ) and biowaste compost, green waste compost, manure compost, and sewage sludge compost plots (each treatment corresponding to 175 kg N ha −1 ) with a crop rotation of winter wheat, winter barley, maize, and pea (without compost application). In further variants, the four compost amendments are fertilized with 80 kg mineral N (NH 4 NO 3 ) ha −1 .
Data mining methods
In our study, we used data mining algorithms for generation of decision trees (Breiman et al. 1984 ), in particular model and regression trees. The algorithms for building decision trees are one of the most commonly used data mining algorithms. They predict the value of a dependent variable (termed target attribute) from a set of independent variables (attributes). They are hierarchical models that contain internal and terminal nodes, connected with edges. In each inner node, the value of an attribute is tested and compared to a constant value. The edges coming out from the node correspond to the outcome of the test. The leaf nodes contain the predictions of the target attribute that apply to all samples that fall in that leaf. To predict the value of the target attribute for a new sample, it is routed down the tree according to the values of the attributes that are tested in each node. When the sample reaches a leaf, it is given the prediction assigned to the leaf.
When the values of the target attribute are numeric, the leaves of the tree contain models for predicting it. The models can be piece-wise linear regression equations, in which case the decision trees are known as model trees, or can be constant values and in this case, the decision trees are termed regression trees. When generating regression trees, syntactic constraints can also be used (Džeroski et al. 2010) . The syntactic constraints influence the process of building the trees by defining a partial structure of the tree, from which point on the tree is generated automatically, following the regular regression tree algorithm.
In this study, we generated model and regression trees for each of the LTE experimental sites (tillage LTE, crop residue LTEs, and compost LTE). For easier interpretation of the model trees, we calculated the average predicted value of the samples that fall into each leaf according to its piece-wise equation, as well as their average actual values. When interpreting decision (classification or regression) trees, we start from the top (root) of the tree. The most important factors that influence the target attribute (primary productivity in our case) appear at the top. The importance of the attributes decreases as you move towards the lower levels of the tree.
There are different measures of predictive performance to assess how good the data mining models describe our data. To assess the performance of regression and model trees, we used the correlation coefficient as a measure: it quantifies the statistical correlation between the predicted and the real values of the target attribute. The values of the correlation coefficient can vary between 1 (perfect correlation) and − 1 (perfect negative correlation) through 0 (no correlation at all). In addition, to assess how good the model performs on new (test) data, we used the tenfold cross-validation technique (Witten and Frank 2011) . In cross-validation, the dataset is split into n approximately equal partitions (folds). Each fold is (in turn) used for testing, while the remaining folds are used for training (building) the model. This procedure is repeated n times and, at the end, the correlation coefficients obtained in the different iterations are averaged to obtain the overall correlation coefficient of the data mining model. A common practice when generating data mining models is to use tenfold cross-validation as a standard method for their evaluation.
Another measure of predictive performance is Root Mean Square Error (RMSE) (Witten and Frank 2011) . It is a measure that reports the average magnitude of the error. It is the square root of the average of squared differences between prediction and actual values of the target attribute.
To model the influence of different agricultural management techniques on primary productivity, we used the data mining package WEKA (Witten and Frank 2011) , which implements a large collection of machine learning algorithms for different data mining tasks. In this study, we used the model and regression tree algorithm M5P. For generating regression trees with syntactic constraints, we used the decision and rule induction system CLUS (Blockeel and Struyf 2002) .
Data description
The data from the four Austrian long-term field experiments, described in the BInternational Long-Term Ecological Research (ILTER) experimental sites^section, were organized and preprocessed in order to be analyzed using data mining techniques. The data comprising the three LTEs datasets are presented in Table 2 . The attributes included the long-term monitoring data available from each of the experiments; thus, the attributes differed slightly between the LTEs.
Although the general structure of all datasets was similar, each dataset was preprocessed in a unique way in order to correctly address the goal and obtain the most accurate and interpretable data mining models possible. The structure of the separate datasets from each experimental site is explained in the following sections.
Tillage
The tillage dataset consisted of data from 18 years of experiments (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) , yielding 162 samples, described with soil parameters, management techniques (tillage), and crop yields. In addition to these original attributes, for each example, we included the soil properties of the preceding year (derived attributes) in order to check whether the soil properties of the preceding year and the type of tillage applied on the field influence the crop yield in the current year.
Three types of crops were grown at the tillage experimental site: sugar beet, grain maize, and cereals. These crops have significantly different absolute yields. Therefore, we divided the dataset into three subsets, according to crop classes: The attributes from which CEC and C/N are calculated were excluded in scenarios 2 and 4 in order to avoid correlations in the investigated attributes.
Crop residue incorporation
The data from the crop residue incorporation experimental sites consisted of data from two LTEs-Rutzendorf and Grabenegg. Each dataset comprised 5 years of experiments (2002, 2008, 2010, 2012, and 2014) , yielding 160 samples, described by soil properties, management practices (crop residue incorporation or removal), and the crop yield. Data about preceding years were not included in these datasets because the data in these LTEs were not collected for consecutive years. At these experimental sites, only cereal crops were grown, so there was no need to divide the datasets according to crop type. Here, we performed two scenarios for both Rutzendorf and Grabenegg datasets: & Scenario 1: Using total nitrogen and total soil organic carbon attributes and excluding the C/N attribute & Scenario 2: Using C/N and excluding the total nitrogen and total soil organic carbon attributes
Compost amendments
The compost amendment dataset consisted of 8 years of experiments (1998, 2001, 2002, 2003, 2005, 2007, 2012, and 2015) , yielding 384 samples, described by soil properties, management practices (type of fertilization and compost amendment), and crop yield. At this experimental site, two classes of crops were grown: maize and cereals (spring wheat, winter wheat, winter barley, and pea). As in the case of the tillage LTE data and to avoid biasing the data mining models, we divided the dataset into two subsets because the two types of crops have significantly different absolute crop yields in kg/ ha: one consisting of data only for maize (144 examples) and the other for cereals (240 examples). Data on preceding crops grown on the fields were also included in the datasets. Here, we also carried out two scenarios:
& Scenario 1: Using total nitrogen and total soil organic carbon attributes and excluding the C/N attribute & Scenario 2: Using C/N and excluding the total nitrogen and total soil organic carbon attributes
Results
Tillage
The results of the obtained model and regression trees for the tillage experimental site are presented in Table 3 in terms of correlation coefficients (r) and Root Mean Square Error (RMSE). Figure 2 indicates that the preceding crop was of pivotal importance for primary productivity. The predictive performance of the models obtained for sugar beet was low. However, due to the low number of samples (18 in total) in this dataset, these results are unreliable. The best results (models) were obtained for grain maize and cereals, where the highest correlation coefficients (0.83 and 0.84, respectively) were obtained for scenario 4. Overall, the correlation coefficients of the models for grain maize and cereals were higher in scenarios 3 and 4, where we used soil and crop data of the preceding year, compared to the scenarios 1 and 2, where we used data only for the current year.
Crop residue incorporation
The regression trees of both trials highlight that the most important attribute for primary productivity in the crop residue incorporation long-term experiments was the plant-available Mg (Fig. 3) .
For modeling the influence of soil and crop properties as well as crop residue incorporation on primary productivity, we had one dataset for each LTE, for which we carried out two scenarios. The predictive performances of the model and regression trees obtained for the two datasets and for both scenarios are very high (Table 4 ). This makes them very reliable for predicting and modeling the primary productivity in a field.
The best models were obtained for scenario 1. The regression trees for Grabenegg and Rutzendorf are presented in Fig. 3 .
Compost amendments
The regression tree for modeling the primary productivity in cereals (Fig. 4) shows that in the compost amendment LTE, the crop grown on the field and the treatment applied on the field were the major drivers of primary productivity.
As in the crop residue LTE analyses, for the compost amendments experimental site, we developed models for two scenarios, using the C/N ratio and using total soil organic carbon and total nitrogen as separate attributes. The predictive performances of the obtained models are presented in Table 5 .
The correlation coefficients of the models for both types of crops were very high, 0.78 and 0.94, respectively. The models obtained for the cereals dataset have especially high correlation coefficients, which make the predictions very reliable. The regression tree obtained for the cereals dataset is presented in Fig. 4 .
Discussion
Tillage
In the tillage LTE, the crop rotation mimicked the current management practices in the area, i.e., the most common agricultural crops were grown in 3-6-year crop rotations. Various aspects influence a farmer's decision which crop to grow, all of which may act at a local, regional, or even at the global scale (Hazell and Wood 2008) . They may include the farm type, the economic market, the technological opportunities at hand, the possibilities for government or EU subsidies, as well as the nature of the farmer's soil (Hazell and Wood 2008; Bennett et al. 2012) . If economic market trends influence the choice of a crop of the season, the expected yields are probably one of the most important driving factors for the choice. Our data mining models clearly showed (Fig. 2) that cereal yields were significantly lower when sugar beet or winter wheat was the preceding crop compared to e.g., soybean or spring wheat. These differences may reflect a combination of factors, including how the grown crops influence the soil-plant interphase with regard to soil properties, pests, pathogens and soil microorganisms (Bennett et al. 2012) , and residual effects on the succeeding crops-just to mention a fraction of the possibilities.
The importance of the preceding soil and crop properties is also evident from the generated model and regression trees. The best model tree, obtained for the cereals dataset and scenario 4 (Fig. 2) , shows that the most important attributes for predicting The bold values represent the best results obtained for different scenarios.
Using data mining techniques to model primary productivity from international long-term ecological research... yield were the preceding crop, the preceding yield, the C/N ratio, and the preceding CEC and plant-available phosphorus. These soil parameters are well-known to affect plant nutrition. A smaller C/N ratio indicates more rapid decomposition of soil organic matter and, thus, release of plant-available mineral nitrogen (Jarvis et al. 2011) . The sum of exchangeable cations-in alkaline soils mainly Ca2+, Mg2+, Na+ and K+, which are adsorbed on the exchange complex of the soil-also indicate the nutritional status of the soil and may inform about deficiencies (Kopittke and Menzies 2007) . Phosphorus is a key nutrient and essential for optimizing yields. Spiegel (2001) showed in another long-term experiment at the same site that plantavailable P was significantly positively correlated with spring barley, sugar beet, and winter wheat yields. Thus, the model results are in line with earlier findings that yields were enhanced if CEC and plant-available phosphorus showed higher values.
We were also interested in determining how the management practice, in this case soil tillage, influences primary productivity. However, the attributes describing the management practice did not appear in the model and regression trees in scenarios 1 to 4. Thus, in scenario 5, we generated regression trees with syntactic constraints. Here, we defined the partial structure of the tree (syntactic constraint) in a way that we Bforced^the management attributes to be at the top of the tree and from there, the tree was generated automatically from the data. Nonetheless, the correlation coefficients of these regression trees were lower than in scenarios 3 and 4. We therefore conclude that soil tillage, as a management practice, is less important for primary productivity than the current and preceding soil and crop properties. This is in line with former findings from this field experiment that, on average, yields did not differ between the investigated tillage practices (Franko and Spiegel 2016; Spiegel et al. 2002 Spiegel et al. , 2010 . Gerendás and Führs (2013) recently reviewed the literature on the effect of magnesium on crop quality. Their review on cereals agrees with our results of positive yield response to plant-available Mg in the crop residue incorporation experiments in Rutzendorf and Grabenegg. Gerendás and Führs (2013) , however, also show that there is not necessarily any quality response to Mg beyond the yield maximum. The magnesium available for plants depends on several factors including soil pH, soil moisture, weathering, and microbial activity of the soil (Senbayram et al. 2015) . Grzebisz (2013) described the so-called Bmagnesium-induced nitrogen uptake^which highlights the positive effect of magnesium on the nitrogen uptake efficiency of the plants. Many factors, among them source rock material and its properties and grade of weathering as well as management practices such as crop rotation and fertilization practices, influence the availability The bold values represent the best results obtained for different scenarios.
Crop residue incorporation
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A. Trajanov et al. Fig. 3 Regression trees for modeling the primary productivity in the crop residue incorporation long-term experiments: a regression tree for Grabenegg, and b regression tree for Rutzendorf of Mg to plants (Gransee and Führs 2013) . In our study, it was plant-available Mg in the soils, not Mg fertilization, that was investigated and most important for crop yields. All the treatments in Grabenegg and Rutzendorf were sufficiently supplied with N, P, and K. This may explain why plantavailable Mg became so important in our model (Gransee and Führs 2013) . Magnesium is an essential plant nutrient that is one of the building blocks of chlorophyll (Gerendás and Führs 2013) . Magnesium is also involved in enzyme activation, ATP formation and utilization, and growth of roots as well as in seed formation (Cakmak 2013) , making it very important for the whole life cycle of a plant. In intensively farmed soils, such as soils of our two long-term field experiments, Mg balances become even more important for crop yields due to a possible rapid depletion of Mg of the soils (Cakmak 2013) . Moreover, wheat grown under low Mg supply may be more prone to challenges due to severe environmental conditions such as heat (Cakmak 2013) . Besides Mg, also the pH value of the soil, SOC, and potential N mineralization (only in Grabenegg)-but also the crop residue management and the crop type (only Rutzendorf)-affected primary productivity. In the Grabenegg LTE, soils with slightly acidic pH values had higher crop yields than soils with lower acidity. In contrast, at Rutzendorf LTE, higher yields were achieved at alkaline soil pH levels. In both experiments, with higher soil pH, crop residue management influenced crop yields. Yields increased with long-term incorporation of crop residues. SOC was very different in the two experiments: low in Grabenegg and high in Rutzendorf. In Grabenegg, higher SOC led to higher yields, whereas this was not the case in the already highly supplied Rutzendorf soils. This is in line with results from 20 long-term field experiments in Germany (Körschens et al. 2013) , where the relevance of initial SOC was emphasized. Both pH and SOC are fundamental for soil fertility, especially for the biological activity of soils (Diepenbrock et al. 2009 ), driving important biogeochemical cycles (e.g., C, N, and P). Former studies have also revealed that long-term crop residue incorporation leads to higher SOC compared to the yearly removal (Lehtinen et al. 2014; Poeplau et al. 2015 Poeplau et al. , 2017 Spiegel et al. 2018) . Lehtinen et al. (2014) showed a significant increase in SOC when crop residues were incorporated, but did not find significant correlations between SOC and crop yields. A general 6% increase in yields following crop residue incorporation, as compared to crop residue removal, was observed. Poeplau et al. (2015 Poeplau et al. ( , 2017 have shown similar increase ranges in SOC following crop residue incorporation in Sweden and Italy. The interplay between soil organic matter and attainable yields also puzzled Hijbeek et al. (2017) , who investigated how different organic inputs affected crop yields. Their assumption was that increased soil organic matter leads The bold values represent the best results obtained for different scenarios.
Using data mining techniques to model primary productivity from international long-term ecological research... Fig. 4 Regression tree for modeling the primary productivity of cereals in the compost amendments long-term experiment to increased crop yields, but to their surprise, the increase was not statistically significant when 20 European long-term experiments were investigated together. They explained this by differences between experimental sites and the soil properties, as well as organic inputs used in the various experiments (Hijbeek et al. 2017 ).
Compost amendments
In general, pea and spring wheat achieved lower yields than winter wheat and winter barley (Diepenbrock et al. 2009) , not least because of the shorter growing season. For the cereal crops, spring and winter wheat and winter barley, fertilization was an important driver for yields. No or low mineral fertilization and only compost amendments resulted in lower yields compared to sufficient mineral fertilization or a combination of compost and mineral fertilization. Pea, a legume, did not use the given fertilizer either in mineral or in organic form. Our modeling results coincide with the results of conventional statistical analyses of a similar data set obtained from this long-term compost experiment (Lehtinen et al. 2017) . In farm management, caution should be exercised with short crop rotations or when focusing on only the most yielding crops. This is because the long-term maintained crop yields are more important from a sustainability point of view than maximum profit for a single cropping season. In addition, the essential micronutrients may be neglected from the fertilization schemes when only a few crops are being considered (Rashid and Ryan 2004) . Production of only a few different crops may require less technical equipment at the farm (Bullock 1992) , although the farmer may observe yield declines after several years (Bennett et al. 2012) . The effects of fertilization on crop yields are known, and the effect of compost combined with mineral fertilizer was also shown by Lehtinen et al. (2017) from the same compost LTE. The current models confirm the previous results and show that compost amendment alone may be insufficient to match the yields reached with mineral fertilizer. This may reflect slow nutrient release from the composts (Amlinger et al. 2003; Alluvione et al. 2013) , which is ca. 5-15% in the year of compost amendment and only 2-8% in the following years (Amlinger et al. 2003) .
Applicability and scalability of the results
There are several advantages of using data mining methods over classical statistical methods. First, the analyses are not limited to only a few attributes or pair-wise comparisons for modeling a certain soil function, but all available data can be used. Using all the available data enables discovering interesting and new-often unexpected-patterns from the data (Buczko et al. 2018) . This can provide new knowledge and insights about the problem at hand (De'ath and Fabricius 2000; Debeljak and Džeroski 2011; Jiawei et al. 2006; Veenadhari et al. 2011 ). Because of their ability to represent the relationships between the attributes in a visual way, the discovered patterns and knowledge about the problem can be easily interpreted. Therefore, the created decision trees could also be used to strengthen the researcher-farmeradvisor-stakeholder dialog and to foster co-creation of new research questions with high farmer relevance. From the top attributes from the decision trees, the farmers could disentangle what may be limiting their productivity and how to improve it. The construction of data mining models (model or regression trees) proceeds automatically from the available data, minimizing the researchers' subjectivity during the generation of the models. This means that the form of the models and the interactions among the variables are induced automatically from the data and not set by the experts. Since the models were generated from data, they can be easily validated using different validation techniques such as tenfold cross-validation, train-test sets, or leave-one-out validation (Witten and Frank 2011) . The limitations are connected to availability of long-term data. In case data on the role of soil aggregation or soil microbiology in productivity is not available, their importance in producing biomass cannot be shown. This calls for extending the attributes that are being monitored in LTEs.
The data mining models are predictive models; therefore, the validated models that achieve high predictive performance can be used to predict future scenarios of the same type and under similar conditions as the ones that were used for constructing the models. Finally, the data mining models are usually presented in a form, such as a decision tree, which is intuitive and easy to interpret by the researchers.
The data mining models generated in this study achieved better predictive performance for each of the LTEs than the statistical studies previously carried out on the same data (Spiegel et al. 2002 (Spiegel et al. , 2007 Lehtinen et al. 2017) . They are therefore very suitable and reliable for predicting the primary productivity at the experimental sites in the future. A great advantage of using data mining methodology over classical statistical or mechanistic models is the simple and fast construction of models that can be easily adapted to new data. Accordingly, having an established data collection system at the LTE sites would simplify upscaling the predictive data mining models to newest data. Having more data from these sites will make the models more general and might further improve the predictive performances. Collecting data on a regional basis and covering important farming regions would improve regional modeling efforts. The farmers could, for example, include their soil monitoring data into the models, in order to find more regional patterns. The created decision trees could support researcher-farmer-advisor dialog on productivity management. However, obtaining empirical data from additional experimental sites is most often a difficult and timeconsuming task and presents a limiting factor when applying data mining technologies in the field of agronomy. Incomplete or inconsistent data can bias the data mining models, so the completeness and quality of the data is also an important factor in this approach.
Conclusions
Our study has generated primary production data mining models with high predictive performance for all four LTEs selected. The most important driving factors for productivity were preceding crop, plant-available Mg and crop of the growing year for tillage LTE, crop residue LTEs, and compost LTE, respectively. In addition, soil properties such as soil pH, SOC, C/N ratio, preceding CEC, and preceding plantavailable P played a role. Crop residue incorporation as well as sufficient mineral fertilization or combined compost and mineral fertilizer treatments of the soils proved to be effective measures to optimize crop yields.
In this study, data mining techniques were used for the first time in these LTEs to discover knowledge and patterns from the data. While the model and regression trees generated in this study are region specific, the data mining approach enabled the effects of changing management and soil, along with soil fertility parameters over time, to be assessed in the context of crop yields and productivity at the sites. The knowledge obtained from our predictive models can be utilized by farmers in this region to predict how future management will affect the productivity of their soils. In a more general context, this methodology can be employed in other regions, where long-term data sets comprising a few critical but widely measured soil and crop parameters are available. This approach enables performing structural dynamic modeling, which is one of the main methodological goals in ecological modeling when dynamic, unpredictable systems are involved.
These results are also important in understanding the driving forces of primary productivity in arable systems that are sufficiently fertilized with main nutrients (nitrogen, phosphorous, and potassium). We can highlight which management practices positively influence crop yields. This calls for further investigations on other agricultural management practices, as well as for upscaling the results to a larger geographical area.
